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Sensation-seeking is a multifaceted personality trait with components that include experience-seeking, thrill and
adventure seeking, disinhibition, and susceptibility to boredom, and is an aspect of impulsiveness. We analysed
brain regions involved in sensation-seeking in a large-scale study with 414 participants and showed that the
sensation-seeking score could be optimally predicted from the functional connectivity with typically (in different
participants) 18 links between brain areas (measured in the resting state with fMRI) with correlation r ¼ 0.34 (p
¼ 7.3  1013) between the predicted and actual sensation-seeking score across all participants. Interestingly, 8 of
the 11 links that were common for all participants were between the medial orbitofrontal cortex and the anterior
cingulate cortex and yielded a prediction accuracy r ¼ 0.30 (p ¼ 4.8  1010). We propose that this important
aspect of personality, sensation-seeking, reflects a strong effect of reward (in which the medial orbitofrontal
cortex is implicated) on promoting actions to obtain rewards (in which the anterior cingulate cortex is impli-
cated). Risk-taking was found to have a moderate correlation with sensation-seeking (r ¼ 0.49, p ¼ 3.9  1026),
and three of these functional connectivities were significantly correlated (p < 0.05) with the overall risk-taking
score. This discovery helps to show how the medial orbitofrontal and anterior cingulate cortices influence
behaviour and personality, and indicate that sensation-seeking can involve in part the medial orbitofrontal cortex
reward system, which can thereby become associated with risk-taking and a type of impulsiveness.1. Introduction
Sensation-seeking is a multifaceted personality trait with components
that include experience-seeking, thrill and adventure seeking, disinhi-
bition, and susceptibility to boredom (Zuckerman, 1994). High sensation
seekers, compared to low sensation seekers, are more vulnerable to
reckless driving (Jonah, 1997), physical risk sports (Ruedl et al., 2012),
unprotected sexual activities (Hoyle et al., 2000), problem gambling
(Harris et al., 2015), and substance use (Bardo et al., 1996). One critical
issue is the mechanisms predisposing those high in sensation-seeking to
such risky behaviours. Addressing this issue is of great importance notoventry, CV4 7AL, UK.
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vier Inc. This is an open access aronly in prevention programs aimed at reducing the occurrence of
sensation-seeking behaviours where these may be dangerous (Sargent
et al., 2010), but also in the development of risk-taking models (Schon-
berg et al., 2011).
Individuals with high sensation-seeking have a stronger orienting
response and greater cortical arousal in response to intense visual or
auditory stimuli. They also show a preference for, and have stronger skin
conductance responses to, sexually explicit and violent stimuli (Smith
et al., 1990). Taken together, this evidence suggests that high sensation
seekers show hypersensitivity to intense and novel stimuli.
Previous research on brain processing related to sensation-seekingntelligence, Fudan University, Shanghai, 200433, China.
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of participants. In one study, activation in the ventral striatum in a
delayed incentive task was related to individual differences in
sensation-seeking and novelty seeking (Abler et al., 2006). In another
study, reactivity to reward within the nucleus accumbens had different
relations to sensation-seeking at different ages (Hawes et al., 2017).
Joseph et al. (2009) found that high sensation seekers had larger re-
sponses in the posteromedial orbitofrontal cortex and insula to
arousing pictures. In a gambling task, it was found that those with high
scores for thrill and adventure-seeking had larger activations in the
ventral striatum, insula, precuneus and superior frontal gyrus
(Kruschwitz et al., 2012). In another gambling task, high sensation
seekers had greater responses to Wins in the prefrontal cortex and
insula (Cservenka et al., 2013). Activation of the ventrolateral pre-
frontal cortex to reward expectancy has also been related to impulsive
sensation-seeking (Chase et al., 2017).
In the present study, we used a different approach with no task being
performed, by analysing resting-state functional connectivity and relating
this to sensation-seeking. A highlight of the investigation described here is
the large number of participants involved (414). Another feature of the
present investigation is the use and further development of methods in
which, in addition to measuring correlations of sensation-seeking with
functional connectivities, we also made predictions about sensation-
seeking from the functional connectivities. The prediction approach pro-
vides another way to identify functional connectivity links related to
sensation-seeking. The prediction method used was to identify relevant
links by finding the links with which the optimal prediction could bemade
(Liu et al., 2018a). The predictions were made with an elastic net linear
regression model because an elastic net operates reasonably when the
features are correlated (Cui and Gong, 2018). We know of no other
large-scale study of the relation between sensation-seeking and functional
connectivity, although a small study did relate risk-taking to reduced
functional connectivity between the mainly lateral orbitofrontal cortex
and the amygdala (Crane et al., 2018). Because sensation-seeking may be
related to some types of impulsivity, we also measured the correlations in
this dataset between sensation-seeking and different types of impulsivity
and further investigated whether the functional connectivities related to
sensation-seeking were also related to impulsivity.
The hypotheses we investigated were: (1) Are some resting-state
functional connectivities significantly related to sensation-seeking? (2)
Can sensation-seeking be predicted from functional connectivities? (3)
Are some of the functional connectivities related to sensation-seeking
also related to impulsive behaviour? (4) Are functional connectivities
in brain areas related to emotion such as the orbitofrontal cortex,
amygdala, and anterior cingulate cortex (Rolls, 2014, 2019b) related to
sensation-seeking? Although (4) was a hypothesis, we did not exclude
any brain area from consideration and performed a whole-brain analysis.
2. Method
2.1. Participants, resting-state fMRI, and preprocessing
The data used in this study is provided by the enhanced Nathan Kline
Institute-Rockland Sample (NKI-RS) dataset (Nooner et al., 2012).
NKI-RS is an ongoing, institutionally centred endeavor aimed at creating
a large-scale (N > 1000) community sample of participants across the
lifespan, which was approved by the Ethics Committee of the Nathan
Kline Institute and Montclair State University. Measures include a wide
array of physiological and psychological assessments, genetic informa-
tion, and advanced neuroimaging. Anonymised data are made available
(fcon_1000.projects.nitrc.org/index/enhanced). 414 participants were
involved in this prediction analysis, aged from 18 to 85. All of these
participants have available resting-state fMRI data and the behaviour
scores for sensation-seeking.
The resting-state fMRI data were acquired on a 3T Siemens Trio
Scanner with a BOLD-weighted multiband EPI sequence (TR ¼ 645 ms,2voxel size ¼ 3 mm, duration ¼ 10 min), with the participants awake and
looking at a fixation cross on the screen (Nooner et al., 2012).
2.1.1. Data preprocessing
Resting-state fMRI data were preprocessed using FSL (Jenkinson
et al., 2012) and AFNI (Cox, 1996). For each individual, the pre-
processing steps included: slice timing correction (FSL slicetimer), mo-
tion correction (FSL mcflirt), spatial smoothing by a 3D Gaussian kernel
(FWHM ¼ 6 mm), despiking motion artifacts using the Brain-Wavelet
Toolbox (Patel et al., 2014), registering to a 3  3  3 mm3 standard
space by first aligning the functional image to individual T1 structural
images using boundary-based registration (BBR (Greve and Fischl,
2009)) and then to standard space using FSL’s linear and non-linear
registration tool (FSL flirt and fnirt), regressing out nuisance covariates
including Friston’s 24 head motion parameters (Friston et al., 1996),
white matter signal, and the cerebrospinal fluid signal. No temporal
filtering was used to ensure compatibility for possible analysis for
effective connectivity. All the images were manually checked to ensure
successful preprocessing. The resulting time courses were used for the
construction and analysis of the brain functional connectivity networks.
Global signals were not regressed out, for reasons described elsewhere
(Cheng et al., 2016).
After preprocessing, the whole brain was parcellated to reduce the
high dimensionality of the voxel-level data. In this study, 94 regions for
the brain (excluding the cerebellum) were defined by the Automated
Anatomical Labelling Atlas 2 because it has been tailored to include clear
subdivisions of the orbitofrontal cortex (Rolls et al., 2015). The names of
the brain areas are shown in Table S1. The time series were extracted for
each region by averaging the signals of all voxels within that region.
2.2. Construction of the whole-brain functional network
Functional connectivity is defined as the correlation of the BOLD
signal averaged across time between pairs of brain regions or voxels
(Biswal et al., 1995). For each pair of brain regions, the Pearson corre-
lation was calculated from the BOLD signal across the time series for that
pair of brain regions, to provide the measure of functional connectivity
between the 94  94 brain regions for each participant. Fisher’s r-to-z
transformation was then implemented to improve the normality of the
correlation coefficients, resulting in a 94 by 94 symmetric matrix that
represented the links between every pair of brain regions.
2.3. Correlation of the functional connectivities with sensation-seeking
Interest in sensation-seeking as a measure was developed by Zuck-
erman (1994) and came to be included in the UPPS as a result of a factor
analysis (Whiteside and Lynam, 2001). The UPPS-P is a 59-item
self-report inventory in its revised version (originally UPPS) that quan-
tifies five different aspects of impulsive behaviour (Lynam et al., 2006):
(i) negative urgency, which refers to the tendency to experience strong
impulses under conditions of negative affect; (ii) lack of perseverance
that reflects the experience of having problems with remaining focused
on a task that might be boring or too difficult; (iii) lack of premeditation
that describes the tendency to engage in an act without reflecting the
consequences of that act beforehand; (iv) sensation-seeking that further
comprises two aspects: (a) the propensity to enjoy and chase exciting
activities; (b) an openness to engage in new experiences that might be
dangerous; and (v) positive urgency that involves the tendency towards
rash actions in response to very positive mood. Each item can be scored
on a four-point Likert scale, ranging from 1 (strongly agree) to 4 (strongly
disagree). Reversed items are recoded afterwards so that higher scores
indicate a more pronounced level of self-reported trait impulsivity. The
questions used to produce the sensation-seeking score are available
(Whiteside and Lynam, 2001) and are shown in the Supplementary
Material, and included: “I generally seek new and exciting experiences
and sensations”, “I welcome new and exciting experiences and
Z. Wan et al. NeuroImage 215 (2020) 116845sensations, even if they are a little frightening and unconventional”, and
“I quite enjoy taking risks”.
After the functional connectivity matrices of all participants had been
calculated, correlations between the functional connectivities and the
sensation-seeking scores across all participants were calculated to
investigate which brain regions have connectivities related with
sensation-seeking. In more detail, a partial correlation was performed
between the functional connectivities and the sensation-seeking scores
with age, sex, ethnicity, race and head motion regressed out. In this
study, FDR correction (p < 0.05) for multiple comparisons (BenjaminiFig. 1. a. Schematic overview of the prediction method.
1b. The correlation was 0.34 between the predicted sensation-seeking score from th
obtained with the optimal p-threshold value for selecting which functional connectiv
3and Hochberg, 1995) for the functional connectivity between any pair of
AAL2 brain regions was used.
2.4. Prediction of the sensation-seeking scores from the functional
connectivities
A schematic overview of the method used in this study is shown in
Fig. 1A. The method used was developed from methods described by Liu
et al. (2018a) and Cui and Gong (2018) in which the links optimal in
making the prediction were found (see 2.5), and an elastic net lineare functional connectivities and the actual score of each of the 414 individuals
ity links to use, which was 0.001. Each data point is from a different individual.
Z. Wan et al. NeuroImage 215 (2020) 116845regression model was used to make the predictions because it is a
powerful approach when there is some correlation between the features.
The functional connectivity matrix includes functional connectivity links
that have some correlations with each other. We made a comparison and
found that the elastic net regression had a considerably better prediction
performance than a support vector regression (SVR) in the current study
(see Fig. 1B).
Elastic-net regression combines L1-norm and L2-norm regularizations
in the standard linear regression loss function to make predictions (Zou
and Hastie, 2005). The regression model used is as follows:
bY ¼Xp
j¼1
βj Xj þ β0
where bY is the best estimate of the predicted value of the sensation-
seeking scores, Xj is the value of the jth feature used in the prediction
model, βj is the regression coefficient of the jth feature and p is the number
of features. The aim of the regression model is to find a function FðXÞ ¼Pp
j¼1
βjXj þ β0 that can best predict the actual behavioural score by exam-
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where f ðxiÞ is the value of the predicted behavioural score for the
ithsubject, yi is the observed behavioural score, and N is the number of
subjects. A mixing parameter α, is used to control the relative weighting
of the L1-norm and L2-norm contributions. In addition, a regularization
parameter λ is used to control the trade-off of penalties between bias and
variance.
The LASSO function in MATLAB was used to implement elastic net
regression. The optimal λ value and α-value were obtained by cross-
validation within the training dataset of each leave-one-out loop.Table 1
The eleven functional connectivities that were common across subjects for pre-
dicting sensation-seeking using an elastic net regression model. The r values
show the correlation between the functional connectivity and the sensation-
seeking score, and the p values show the significance level. Five functional
connectivities that were significantly correlated with the sensation-seeking score
at p < 0.05. FDR corrected are indicated by *.
Region 1 Region 2 r value p value
Amygdala_L Rolandic_Oper_L 0.175 3.81E-04
OFCmed_L Cingulate_Ant_R 0.220 7.28E-06 *
OFCmed_L Cingulate_Ant_L 0.206 2.75E-05 *
OFCmed_R Cingulate_Ant_R 0.192 9.00E-05
OFCpost_L Cingulate_Ant_L 0.191 1.03E-04
Olfactory_L Cingulate_Ant_R 0.207 2.43E-05 *
Olfactory_L Cingulate_Ant_L 0.203 3.61E-05 *
Olfactory_L Frontal_Inf_Orb_2_L 0.188 1.35E-04
Rectus_R Cingulate_Ant_R 0.236 1.34E-06 *
Rectus_R Cingulate_Ant_L 0.202 3.83E-05
Rectus_R Frontal_Sup_2_R 0.189 1.23E-042.5. Individual prediction framework
A schematic overview of the prediction method is shown in Fig. 1A.
In this prediction model, a leave-one-out cross-validation was imple-
mented because it provides efficient use of the data in the cross-
validation, and is stable. However, the same prediction procedure was
also implemented with 10-fold cross-validation to provide an additional
check, as shown in the Supplementary Material. In each leave-one-out
iteration, the most significantly correlated functional connectivity
(FC) links were selected by performing a partial correlation between the
functional connectivity and the sensation-seeking score across all
samples in the training set except for the single test sample. The effects
of age, sex, ethnicity, race and head motion were regressed out. The
individual prediction was performed with groups of functional con-
nectivities more significant than a certain p threshold (i.e. the p value of
the partial correlation between the functional connectivity and the
sensation-seeking score had to be under the p threshold) (Liu et al.,
2018a). Many different p values were implemented in order to find the
links optimal for making the prediction. The p threshold was obtained
within the training dataset of each leave-one-out loop. The elastic net
regression model was trained with the training set with the group of the
most significant functional connectivities defined in this way and tested
by predicting the test sample with leave-one-out cross-validation. The
Pearson correlation coefficients between the actual scores and the
predicted scores were computed to quantify the accuracy of the pre-
diction (Erus et al., 2015; Siegel et al., 2016). To be specific, the pre-
dicted score of each participant in each iteration was saved in one
vector, and the correlation between the predicted scores and actual
scores was calculated across all 414 participants.42.6. Statistical test: Permutation analysis
To determine whether the predicted scores obtained from the pre-
diction model were significantly better than random, a nonparametric
permutation procedure was adopted. In each permutation, the symptom
scores across all participants were randomly shifted, and then the elastic
net prediction analysis was conducted. The null distribution for the
highest correlation between the actual scores and predicted scores was
formed by running the permutation procedure 10000 times, resulting in a
significance level of p < 0.0001 (Fig. S1).
2.7. Association of sensation-seeking with risking-taking, and substance use
The correlation between the sensation-seeking score and the risk-
taking score was also measured to examine whether the sensation-
seeking score is associated with risk-taking behaviours. The risk-taking
score was provided by the Domain-Specific Risk-Taking Scale (DOS-
PERT) (Blais andWeber, 2006), which assesses risk-taking in five content
domains: financial decisions (separately for investing versus gambling),
health/safety, recreational, ethical, and social decisions. The associations
between the sensation-seeking and the overall risk-taking score and its
five subscales were examined.
In addition, the correlation between the sensation-seeking score and
the substance use scores available in the NKI dataset was also measured
to examine whether the sensation-seeking score is associated with sub-
stance use behaviours. The measure of substance use was obtained with
the adult self-report questionnaire (ASR) (Achenbach and Rescorla,
2003) made available in the NKI dataset. The associations between the
sensation-seeking and alcohol, tobacco, and drug use were examined.
3. Results
3.1. Functional connectivities that predict and are correlated with
sensation-seeking
Five functional connectivities were significantly correlated with the
sensation-seeking scores across all participants at p < 0.05 FDR cor-
rected, corresponding to a p threshold of 3.83  105 in the partial
correlations (shown in Table 1, indicated by *). All of these five func-
tional connectivities were between the medial orbitofrontal cortex and
the anterior cingulate cortex. The AAL2 areas (Rolls et al., 2015) included
here as medial orbitofrontal cortex were OFCmed, OFCpost, OFCant,
Rectus, and olfactory tubercle (Rolls et al., 2018) (see Table S1).
For the prediction approach as outlined in Fig. 1, functional connec-
tivities were used to predict the sensation-seeking score with an elastic net
regressionmodel.Theoverall accuracyof thispredictionmodelgivenby the
correlation r value between the predicted score and the actual score across
Z. Wan et al. NeuroImage 215 (2020) 116845all 414 participants was 0.34 (p ¼ 7.3  1013) (shown in Fig. 1B). (The
result was shown to remain highly significant with 10-fold cross-validation
showing r ¼ 0.2, p ¼ 5.6  105, as described in the Supplementary Ma-
terial.) Random permutation analysis was used to test the significance level
of theprediction.The sensation-seekingscoreswere shuffledwith respect to
the values predicted from the functional connectivities across all partici-
pants randomly in each iteration. In ten thousand iterations of the random
permutation test, the results were significant at the maximum level
obtainable of p < 0.0001 (Fig. S1).
Eleven functional connectivities were found to be common across
participants in making the optimal prediction of sensation-seeking
(Table 1 and Figs. 2 and 3). 10 of these 11 links involved medial orbi-
tofrontal cortex areas, and eight of the medial orbitofrontal cortex links
were with the anterior cingulate cortex. One link involved the lateral
orbitofrontal cortex, and one the amygdala. Five of the links, all involving
the medial orbitofrontal cortex and anterior cingulate cortex were indi-
vidually significantly correlated (p < 0.05 after FDR correction) with
sensation-seeking with all the participants involved.
In more detail, these 11 links were those that were common to all runs
of the leave-one-out cross-validation, which typically used 18 links with a
threshold for the correlation matrix that gave the optimal prediction. We
checked that these 11 links were able, if used alone in an elastic net
prediction model, to obtain a good prediction, and that was found to be
the case, in that the predicted sensation-seeking scores were correlated
with r ¼ 0.335 (p ¼ 2.4 1012) with just the 11 links shown in Table 1.
We can, therefore, have confidence that good predictions can be made
from just the 11 functional connectivity links shown in Table 1. In
addition, 8 of the 11 links that were common for all participants were
between the medial orbitofrontal cortex and the anterior cingulate cor-
tex. With these 8 links between the medial orbitofrontal cortex and the
anterior cingulate cortex used alone, the prediction of sensation-seeking
scores yielded an accuracy r¼ 0.30 (p¼ 4.8 1010) which still remains
highly significant.3.2. Other UPPS-P subscales
In the present study, only the sensation-seeking subscale of the UPPS-
P had significant correlations with functional connectivities after FDR
correction, and in addition, the scores could be predicted from the
functional connectivities for the sensation-seeking scores. The other four
subscales were investigated, but none had a significant correlation with
any functional connectivity after FDR correction, and the prediction from
the functional connectivities for these four subscales were low.5As these five subscales stand for different dimensions of impulsivity,
there could be similarities and differences between these subscales.
Hence, correlation analyses between the five subscales to check their
similarity was performed. The sensation-seeking subscale showed a
relatively low correlation with the other four subscales, providing an
explanation for the different results for sensation-seeking compared to
the other four subscales of impulsive behaviour in the UPPS (Table 2).
3.3. Relation between sensation-seeking and risk-taking behaviours
The sensation-seeking score was significantly correlated with the
overall risk-taking score with r ¼ 0.49 (p ¼ 3.92  1026) across 412
participants (the intersection of the number of participants having fMRI
data, and UPPS-P and DOSPERT scores available). The correlations be-
tween the sensation-seeking and risk-taking subscales are shown in
Table 3. The highest correlation of sensation-seeking was with the ’rec-
reational’ risk-taking subscale.
In addition, of the 5 functional connectivities which were signifi-
cantly correlated with sensation-seeking after FDR correction, three all
involving the medial orbitofrontal cortex and the anterior cingulate
cortex were significantly correlated (p < 0.05) with the overall risk-
taking score as shown in Table 4.
3.4. Relation between sensation-seeking and substance use (drinking,
smoking and other drugs)
The sensation-seeking score was correlated with the drug usage
(including cannabis and cocaine) per day r ¼ 0.29 (p ¼ 3.13  107),
correlated with alcohol usage per day r ¼ 0.21 (p ¼ 1.89  104), and
correlated with tobacco usage per day r ¼ 0.024 (p ¼ 0.67) across 298
participants (intersection number of participants having fMRI data,
UPPS-P score and DOSPERT score available).
The 5 functional connectivities that were significantly correlated with
sensation-seeking after FDR correction did not, in general, have signifi-
cant correlations with these measures of drug abuse, as shown in Table 4.
4. Discussion
In this investigation, it was found that it was possible to predict the
sensation-seeking score of 414 individuals from resting-state functional
connectivities, which mainly involved the medial orbitofrontal cortex
and anterior cingulate gyrus. The method used in this investigation
involved selection of an optimal threshold for the functional connectivityFig. 2. The brain regions related to the 11 func-
tional connectivities that were optimal in pre-
dicting sensation-seeking. The brain regions were
from the AAL2 atlas (Rolls et al., 2015). The
AAL2 regions shown are medial and posterior
orbitofrontal cortex (OFCmed), gyrus rectus
(REC), anterior cingulate cortex (ACC), OLF,
inferior frontal gyrus orbital part, amygdala,
FrontalSup2 (SFG), and Rolandic operculum as
shown in Table 1, and the color bar indicates the
sum of the r values shown in Table 1 for each
AAL2 region included in Table 1.
Fig. 3. The 11 functional connectivities that were used in the optimal prediction of sensation-seeking. Lateral, medial and dorsal views are shown. The AAL2 regions
shown are OFCmed, OFCpost, OLF, rectus, anterior cingulate, inferior frontal gyrus orbital part, amygdala, FrontalSup2, and Rolandic operculum.
Table 2
The correlation matrix between the five subscales and the total score of the UPPS-P. The number of participants was 414.
Negative Urgency Lack of Premeditation Lack of Perseverance Sensation Seeking Positive Urgency Total UPPS-P
Negative Urgency 1.000 0.353 0.402 0.240 0.691 0.795
Lack of Premeditation 0.353 1.000 0.473 0.154 0.312 0.589
Lack of Perseverance 0.402 0.473 1.000 0.045 0.293 0.553
Sensation Seeking 0.240 0.154 0.045 1.000 0.317 0.616
Positive Urgency 0.691 0.312 0.293 0.317 1.000 0.802
Total UPPS-P 0.795 0.589 0.553 0.616 0.802 1.000
Table 3
Correlations between the different risk-taking subscales of the DOSPERT and
sensation-seeking across 412 participants.
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Z. Wan et al. NeuroImage 215 (2020) 116845correlation matrix to make the prediction of the sensation-seeking score,
which was r ¼ 0.34, p ¼ 7.3  1013. The prediction method used an
elastic net regression model, which was found to be more effective than
support vector regression. 10 of the 11 common links used in each leave-
one-out iteration to predict sensation-seeking involved the medial orbi-
tofrontal cortex areas and eight of the medial orbitofrontal cortex links
were with the anterior cingulate cortex. This was supported by the
finding that 5 of these links were individually significantly correlated
with the sensation-seeking score after FDR correction.
The behavioural assessment used was UPPS, which measures impul-
sive behaviour. The sub-score of the UPPS that produced the mostTable 4
Correlations and associated p values for the relation between the 5 links related to se
Region1 Region2 Risk-Taking Drug Use
r value p value r value
Rectus_R Cingulate_Ant_R 0.108 0.030 0.012
OFCmed_L Cingulate_Ant_R 0.082 0.101 0.031
Olfactory_L Cingulate_Ant_R 0.107 0.031 0.041
OFCmed_L Cingulate_Ant_L 0.088 0.078 0.028
Olfactory_L Cingulate_Ant_L 0.144 0.004 0.055
6significant correlations with the functional connectivities was the
sensation-seeking score, and for that reason is the focus of this paper.
Sensation-seeking may be one factor that can lead to impulsive behav-
iour. Impulsive behaviour has many components or subtypes (Dalley and
Robbins, 2017), and one component may be related to decreased sensi-
tivity to non-reward in which the lateral orbitofrontal cortex is impli-
cated (Rolls, 2019b, c). Another component may involve not being
sensitive to a signal to change behaviour, which activates the lateral
orbitofrontal cortex and the adjacent part of the inferior frontal gyrus
(Deng et al., 2019), and damage to which impairs performance in the
stop-signal task (Aron et al., 2014). However, there may be another type
of impulsivity, in that Cheng et al. (2019) found that increased functional
connectivity involving medial orbitofrontal areas in drinkers of alcohol
was also associated with increased impulsivity, so they argued that
increased sensitivity to reward might also lead to high impulsivity. That
could be another component or type of impulsivity. The association of
sensation-seeking with impulsivity was supported in the present inves-
tigation by the finding that risk-taking (an aspect of impulsivity) was
somewhat correlated with the sensation-seeking score with r ¼ 0.49, and
that 3 of the 5 medial orbitofrontal cortex links with the anterior
cingulate cortex that were implicated in sensation-seeking had signifi-
cant correlations with risk-taking as measured by the DOSPERT (Blaisnsation-seeking after FDR correction and other behaviours including risk-taking.
Drinking Smoking
p value r value p value r value p value
0.832 0.009 0.873 0.147 0.012
0.596 0.021 0.718 0.064 0.273
0.489 0.026 0.655 0.084 0.153
0.628 0.022 0.714 0.026 0.653
0.351 0.038 0.513 0.036 0.542
Z. Wan et al. NeuroImage 215 (2020) 116845and Weber, 2006). A concept then related to the present investigation is
that some types of impulsive behaviour can be related in part to increased
functional connectivity of the medial orbitofrontal cortex reward system
with the anterior cingulate cortex action-outcome system; and that this
functionality makes a contribution to sensation-seeking. Consistent with
this concept, we found that the sensation-seeking score was correlated
with positive affect (r ¼ 0.14, p < 0.003), which relates the
sensation-seeking score to some types of positive behaviour.
The method of making optimal predictions of behaviour from func-
tional connectivity by searching for the best threshold for the functional
connectivity correlationmatrix has been used in only a few studies before
(Liu et al., 2018a, 2018b) to the best of our knowledge. Its use in com-
bination with an elastic net regression for making the prediction was
found to be more powerful than using support vector regression.
A previous task-related fMRI study showed that high sensation
seekers have a high activation to arousing images from the IAPS set in the
posterior medial orbitofrontal cortex (Abler et al., 2006; Joseph et al.,
2009). In addition, activations in the nucleus accumbens (which receives
from the orbitofrontal cortex) are high in sensation-seekers in a monetary
incentive delay task (Abler et al., 2006). There is also extensive evidence
that the human medial OFC areas, including BA13, are activated by
rewarding stimuli that are subjectively pleasant (including pleasant
odours, pleasant touch, pleasant flavour, and monetary reward) (Gra-
benhorst and Rolls, 2011; O’Doherty et al., 2001; Rolls, 2014, 2019c). It
was very interesting that in our study, without any task, differences in the
functional connectivity of the medial orbitofrontal cortex were related to
sensation-seeking.
The anterior cingulate cortex is relevant to emotion for it receives
input from the orbitofrontal cortex about the value of emotion stimuli
and implements instrumental goal-directed actions using action-outcome
learning (Rolls, 2019a). In this study, 5 functional connectivities that
were individually significantly correlated with sensation-seeking scores
after FDR correction were between the anterior cingulate cortex (ACC)
areas and the medial OFC areas. This provides evidence to elucidate
further the hypothesis that the orbitofrontal cortex sends reward and
non-reward information to the ACC where the reward/non-reward sig-
nals can be interfaced to cingulate systems that learn actions to obtain
reward and avoid non-reward and punishers (Rolls, 2014, 2019a, c;
Rushworth et al., 2012; Rushworth et al., 2011). The effects of high
functional connectivity described here between the medial orbitofrontal
cortex and the anterior cingulate cortex may be related to a strong effect
of reward on promoting actions, which is expressed as sensation-seeking.
Although as described in the Introduction there have been a number
of activation studies of sensation-seeking, this is the first large-scale study
we know of how resting-state functional connectivity is related to
sensation-seeking. The advantage of the resting state approach taken
here is that as no task was being performed by the participants, any
differences in task performance can not contribute to differences in the
functional connectivities that are measured. The concept is that the
resting-state functional connectivities may provide an indication of the
basic connectivity structure of the brain, and differences in this con-
nectivity frameworkmay then show how the strengths of the connections
between pairs of brain regions may underlie the differences in the
behaviour. In this investigation, the results provide evidence that
increased connectivity between the medial orbitofrontal cortex and the
anterior cingulate cortex, which connect reward-related regions to a part
of the brain involved in the initiation of actions to obtain the goals (Rolls,
2019a, b), is involved in sensation-seeking. This sets sensation-seeking
somewhat apart from impulsivity, which is frequently related to
reduced processing of punishment and/or non-reward in the lateral
orbitofrontal cortex/inferior frontal gyrus (Aron et al., 2014; Rolls,
2019b, c; Whelan et al., 2012).
A possible limitation of the investigation is that sensation-seeking as a
measure is available in the NKI dataset, but we have not found the same
measure in other large-scale resting state fMRI datasets, so the results
described are based on the NKI dataset, without cross-validation in a7different dataset. However, within the NKI dataset, we were able to
confirm the robustness of the results using both leave-one-out and ten-
fold cross-validation approaches.
In conclusion, this research reveals a clear association between
functional connectivity involving the medial orbitofrontal cortex and
sensation-seeking, with connectivity involving medial orbitofrontal cor-
tex areas and the anterior cingulate cortex especially prominent. What
was quite remarkable was that it was possible to predict the sensation-
seeking score from only 8 links involving different medial orbitofrontal
cortex areas and the anterior cingulate cortex with a correlation of r ¼
0.30 (p ¼ 4.8  1010). (The corresponding value with the best 11 links
shown in Table 1 was r ¼ 0.335 (p ¼ 2.4  1012).) This provides clear
evidence that the relation between these two brain areas, the medial
orbitofrontal cortex, and the anterior cingulate cortex, is strongly
involved in sensation-seeking. Moreover, the concept was advanced that
one type of impulsivity, which is related to sensation-seeking, is related
to increased functional connectivity of a reward-related cortical region,
the medial orbitofrontal cortex.
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